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Figure 1. Our dataset. Top: 144 out of 187 objects illuminated under the same one-light-at-a-time (OLAT) lighting condition. Bottom:
For each row, the first 6 columns display images captured under the same OLAT from 6 cameras; the next 2 columns show images captured
at different rotation angles from the same camera; the following 7 columns are images captured from the same view under 2 linear, 4
environment and 1 full-on illumination. The final column shows the geometry obtained with a commercial 3D scanner.

Abstract

We present OpenSubstance, a high-quality measured
dataset with 2.4 million high-dynamic-range images of 187

†Corresponding authors.

objects with a wide variety in shape and appearance, cap-
tured under 270 camera views and 1,637 lighting condi-
tions, including 1,620 one-light-at-a-time, 8 environment, 8
linear and 1 full-on illumination. For each image, the corre-
sponding lighting condition, camera parameters and fore-
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Figure 7. Qualitative results of multi-view photometric methods on our dataset. We evaluate SuperNormal [11] and RNb-NeuS [10]
on 6 objects from our dataset for shape reconstruction.

Methods RUBIK METALMAN CLAYPIG SNAKE WHALE TUERYE METALHULU PUPIG CHANCHU BASKET Avg.

PSNR ↑ [31] 19.58 26.41 30.67 29.73 28.80 26.58 29.32 26.07 24.12 28.70 27.00
[30] 31.56 29.58 33.93 32.76 30.61 30.98 27.25 31.33 30.83 30.59 30.94

SSIM ↑ [31] 0.885 0.822 0.922 0.917 0.887 0.889 0.899 0.885 0.859 0.883 0.885
[30] 0.947 0.894 0.954 0.950 0.907 0.933 0.884 0.934 0.912 0.906 0.922

LPIPS ↓ [31] 0.170 0.271 0.158 0.142 0.140 0.198 0.144 0.220 0.198 0.163 0.180
[30] 0.076 0.192 0.077 0.060 0.113 0.102 0.174 0.162 0.104 0.105 0.117

Table 2. Quantitative results of non-OLAT relighting. We evaluate TensoIR [31] and GaussianShader [30] for non-OLAT relighting on
10 objects from our dataset. PSNR, SSIM, and LPIPS are reported for each object.

are incompatible with our near-field light source setup. To
ensure proper evaluation, we approximate the light direc-
tion as the unit vector pointing from the object center to an
LED center.

As shown in Tab. 3 and Fig. 6, among all evaluated meth-
ods, Uni-MS-PS [24] achieves the best performance on the
selected objects, and SDM-UniPS [28] delivers compara-
ble results. A comparison between selected calibrated and
uncalibrated methods shows that, except for [12], uncali-
brated methods generally outperform calibrated ones under
our near-field lighting conditions.

Multi-View. We evaluate two multi-view photometric
stereo methods on our dataset: SuperNormal [11] and RNb-
NeuS [10]. These methods require a single-view PS method
to predict the normal map for each view. We adopt SDM-
UniPS for this task from 36 OLAT-lit images from a single
view. Next, we apply it to obtain the normal maps for 45
rotated views, captured by the same camera (Cam#3), and
send them as input to the methods being evaluated. Chamfer
distance (CD) and F-score with a 0.5mm threshold are com-
puted for quantitative analysis. The results on 6 selected
objects are shown in Fig. 7 and Tab. 4. With the same input,
SuperNormal [11] achieves better quantitative results than
RNb-NeuS [10]. This is because RNb-NeuS [10] tends to
generate discontinuous surfaces, especially on BIRD and the
legs of FOX. Both methods fail to preserve surface details of
ORANGE. We further test SuperNormal [11] over all objects
with ground-truth geometry in our dataset. The mean CD
is 0.814mm, and the mean F-score is 0.606 (threshold=0.5
mm).

6.2. Relighting

We compare the performance of OLAT and non-OLAT re-
lighting methods, based on the type of input lighting condi-
tions. For quantitative evaluation, we report PSNR, SSIM,
and LPIPS scores, averaged over all test images under novel
view and lighting conditions, in Tab. 2 and 5. Additionally,
Fig. 8 and 9 present visual comparisons of the relighting
results.

OLAT. We evaluate NRHints [68] and GS3 [8] under
OLAT lighting conditions. A total of 8,764 and 100 images
are randomly selected for the training and test, respectively.
As illustrated in Fig. 8, NRHints tends to produce overly
smoothed results. While GS3 captures finer details, it strug-
gles with accurate rendering of complex shadows. Both
methods cannot properly model indirect lighting, leading
to inaccurate reproduction of physical phenomena such as
interreflections. Tab. 5 presents quantitative results for five
objects.

Non-OLAT. We train GaussianShader [30] and Ten-
soIR [31] using 240 images and evaluate them on 30 test
images. The images are captured with a linear lighting
that maintains a fixed relative pose to the camera. To en-
able training of rotational lighting, we modify Gaussian-
Shader and adopt the rotation mode of TensoIR. As shown
in Fig. 9, GaussianShader tends to produce blurry Gaussian
artifacts in dark regions, while capturing finer-grained de-
tails in other areas, such as richer textures, compared with
TensoIR. Please refer to Tab. 2 for a quantitative compari-
son.
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